Introduction
It is widely appreciated that infrastructure is the basic physical structures needed for the operation of a society, in both urban and rural areas. Urban infrastructure usually refers to systems generally owned and operated by municipalities or city governments, such as streets, water and electricity distribution facilities, sewers, etc (Schübeler, 1996) . By contrast, rural infrastructure such as rural road, canal irrigation, rural electrification, water supply, telecommunication, etc. is located in rural areas to support rural development and living activities in these areas (Pouliquen, 1999) .
Governments throughout the world have well recognized the importance of infrastructure investment. Development of rural infrastructure is a major development priority, especially in developing counties (World Bank, 1994) , and thus attracted a large amount of research interests. For example, Andersen and Shimokawa (2006) reported that the status of infrastructure stocks and services in most developing countries are far from sufficient and much poorer than that in developed countries.
Jacoby (2000) suggested that providing extensive road access to markets would confer substantial benefits on average, especially to poor households in Nepal. Fan and Pardey (1997) pointed out that improving irrigation infrastructure brings more growth in agricultural outputs than land or labor does. Chandra and Thompson (2000) found that opening new interstate highways will not necessarily increase net economic activity in non-metropolitan regions.
Infrastructure construction has been rapidly developed in China. It was reported that the average annual growth rate of investment in infrastructure was around 33% between 1996 and 2000 (Dong, 2008 . In the past, this investment was made on urban areas to support China's unprecedented urbanization ambition. Recently, a Coordinated Urban-Rural Development Strategy has been promoted in China. This strategy, by appreciating the remarkable imbalance between China's urban and rural development, aims to solve the problems of Agriculture, Rural Areas, and Farmers (also San Nong Problems) and achieve a compatible development of urban and rural areas (NDRC, 2005; Lu, 2006) . As per the strategy, infrastructure investment has been tilted to the rural areas. Statistics show that the investment in rural infrastructure from the central government was about 18 billion USD in 2008 and 20 billion USD in
2009
* (NDRC, 2009) . In parallel to this is the huge amount of investment from local governments.
The rural infrastructure investment in China has attracted increasing number of research studies, especially on its impact and effectiveness. Dong (2000) found that the investment in rural infrastructure improved the agriculture productivity. Fan and Zhang (2004) opined that the increase in rural infrastructure plays a more important role in narrowing the difference in rural development between the eastern, central and western parts of China. Other scholars (e.g. Liu et al., 2003; Hu and Fu, 2007) Existing assessment research on rural infrastructure investment focuses mainly on economic benefits while neglecting its social and ecological impacts.
The aim of this research is to identify a set of critical assessment indicators (CAIs) for evaluating the multifaceted benefits of investment in rural infrastructure with particular reference to China. The research engaged the following four steps:  Firstly, tentative assessment indicators (TAIs) were developed. They were filtered from a number of feasibility study reports on infrastructure investment in China. A pilot study was followed to assess the suitability of these indicators, and as a result a list of tentative assessment indicators was consolidated.
 Secondly, a questionnaire survey was conducted to collect data from various groups of experts for analyzing the significance of the assessment indicators. 
Data Collection and Reliability Analysis
Data for analyzing the significance of the TAIs listed in Table 1 indicates most important, "7" important, "5" average, "3" unimportant and "1" negligible. The scores "8", "6", "4", "2" represent intermediate judgments between two adjacent judgments. By using the survey data, statistical calculations including means and standard deviation (SD) on the significance of assessment indicators were conducted, as shown in Table 2 .
<Insert Table 2 here>
The TAIs proposed in the questionnaire survey were grouped in three categories, namely, economic, social and environmental benefits. Statistical analyses were conducted to analyze data reliability in terms of the adequacy of the group classification and the consistence of the opinions among individual experts. In general, the adequacy of the indicator group classification is estimated by examining the consistency with which different items within a particular group express the same
concept (de Vaus, 2002). Reliability of internal consistency is usually measured by
Cronbach's coefficient α. Previous study suggests that Cronbach's α shall be greater than 0.5 as a minimum, and ideally be greater than 0.7 (Ceng and Huang, 2005) . In this survey, Cronbach's coefficients are 0.881 for the economic benefit group, 0.8 for the social and 0.945 for the environmental benefit group. As Cronbach's coefficients for all three groups of indicators are greater than 0.7, it is considered that the questionnaire survey is reliable.
Furthermore, the analysis of variance (ANOVA) was conducted to examine whether the opinions of the three groups of respondents are consistent for each of the TAIs. If a probability value p from ANOVA test below 0.05 is obtained, it normally suggests that there is a high degree of difference of opinions among the groups (SPSS Inc., 2006) . In other words, the groups can be considered independent. In this research, there are 4 indicators whose p values are below 0.05. It suggests that the differences of opinions for the 4 indicators among the three groups (government officers, professionals, and business practitioners) are significant. Therefore, the collected data samples must be considered separately.
Selection of the Critical Assessment of Indicators (CAIs)

Traditional Methodology for Selecting the CAIs
A typical methodology for identifying critical indicators is to evaluate each indicator's relative significance value (Shen et al., 2004) . The Likert Scale is commonly used in questionnaire survey for rating the relative significance of individual indicators through examining experts' opinion (Chan and Kumaraswamy, 1997). Relative significance values of indicators can be determined directly by the mean value of the scores assigned by experts in a survey or an index value in some more sophisticated cases. Often, a cut-off value of the relative significance is adopted in order to identify the critical indicators from a set of tentative indicators (Lu et al., 2008) .
Although the traditional methodology provides an easy-to-use tool for identifying critical indicators, there are several deficiencies. First of all, data for analyzing critical indicators are collected from a questionnaire survey. Normally a Likert Scale is used to indicate experts' judgment, which is often subjective and fuzzy. Thus simple computation of mean value of these subjective scales might not be robust enough for the identification of critical indicators (Zadeh, 1965; Finetti, 1992) . Second, survey sample size is often too small. Reviewers have always questioned sample size in studies of this nature while the answers are far from satisfaction. Third, the traditional cut-off value method to distinguish a critical or non-critical indicator overlooks the distribution of experts' views. This way might be invalid especially in some extreme conditions, e.g. a limited few samples with a big score allow the mean to pass the cut-off threshold but the concerned indicator cannot be treated as a critical one.
Standard Deviations (SD) can help perceive the deviations amongst experts' opinions but it was not normally used as a selection criterion. Monte Carlo Simulation (MCS) and Fuzzy Set theory can alleviate the above deficiencies.
Increasing Sample Size Using Monte Carlo Simulation
Monte Carlo Simulation (MCS) is a numerical method to solve problems in the areas such as mathematics, physics, engineering and production management, by randomly sampling relevant stochastic variable or process (Xu, 1985) . It is a useful tool applied in a situation where there is uncertain and uncontrollable input information whose probability distribution is known and can be handled analytically (Shen, 1993) . In a questionnaire survey, ideally we should increase sample size to make sure the survey is more representative and meaningful if a full coverage of the target population is not possible. Research has suggested that there will be a convergence of parameters such as mean and standard deviations to their stable values as surveying samples increase.
While in reality, it is very difficult to increase sample size until a convergence is achieved. MCS, however, can simulate the increasing samples of a questionnaire survey in a simulative environment. Through increasing the samplings, MCS can generate more data and lead to the convergence of parameters such as mean and standard deviations. Convergence is a valid way to confirm the efficiency of large numbers of samplings when conducting MCS (Cowles and Carlin, 1996) . In other words, MCS can solve the problem of limited samples thus it is adopted in this paper.
There are various commercial packages available for conducting MCS analysis. In this research, the package Crystal Ball (2000 Professional Edition) was used. The generation of the probability distribution for the indicator X 11 in the government group is taken as an example to show the run of MCS. In order to conduct MCS, we established the frequency and cumulative frequency of the response first. The frequency and cumulative frequency for the indicator X 11 in government officers group are calculated and shown in Table 3 .
<Insert Table 3 here> The frequency can be considered as the probability for an expert's view to occur within a discrete range 1~9. Based on the cumulative frequency in Table 3 , the operation of Crystal Ball Software leads to the generation of the distribution of X 11 as shown in Figure 1 . In this figure, the probability is considered as the average of the cumulative frequency in the specific interval.
12 <Insert Figure 1 here>
In order to confirm the probability distribution trend of X 11 in government officers group, 100,000 simulations were conducted. The simulation process took nearly 2 minutes on T8100（Duo CPU）/2.1G PC computer. The simulated probability distribution of X 11 in government officers group is shown in Figure 2 . The simulated mean value begins to be stable when simulations reach 10,000, while SD value is still a little fluctuant after 10,000 and begins to be stable when simulations reach 80,000 as shown in Figure 3 . Table 4 . The results in the Table 4 are considered more reliable than those in Table 3 as simulation process generates much larger samples and approximates the convergence of mean and standard deviations as samples increase in a questionnaire survey. In general, the more the samples, the better the results.
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<Insert Table 4 here>
Selecting the CAIs Based on Fuzzy Set Theory
Although MCS can solve the problem of small sample size, there is still another major deficiency in the identification of critical indicators through surveying. That is fuzziness in a questionnaire survey. For example, in this study, a 9-point Likert Scale is used for experts to judge the level of significance of each assessment indicators.
Uncertainty and fuzziness are easily seen in experts' judgment. Fuzzy Set theory can take the challenge of the fuzziness in questionnaire survey. It utilizes membership probability to identify critical indicators. It thus can avoid the weakness of the traditional cut-off value method, since membership probability implies distribution of experts' views. Thanks to its advantages, Fuzzy Set theory is used in this paper to help find the CAIs. The data used for the fuzzy set analysis are the results of MCS conducted in previous section.
According to the Fuzzy Set theory, the symbol Ã is used to represent a set of critical assessment indicators, noted as CAI set. It is designed as a fuzzy set:
Where x ij is an indicator listed in Table 1 . n denotes the number of categories, which is , and '+' might be seen as a logical operator "and".
As designed in the questionnaire, the significance of a specific indicator can be scored between 1 and 9, the score of 5 is seen as a demarcation level for critical or not for the indicator. It is feasible to consider that the probability for an indicator's score over 5 is the criterion for an indicator to be included in CAIs fuzzy set. Based on Fuzzy Set theory, the probability for an indicator belonging to CAIs fuzzy set is the degree of membership of the indicator in the CAIs fuzzy set (Zimmermann, 2001) . Hereby, the degree of membership ) ( ij A x  can be described as follows:
Where ij x P represents the probability density of a particular indicator that occurs in the simulation result, and f P indicates that the possibility that the indicator does not belong to CAIs group. As a result, the degree of membership ) ( ij A x  can be calculated using Equation 2.
However, the ANOVA test suggests that the data from the three groups (government officials, professionals, and business practitioners) must be considered separately. Table 5 .
According to the definition of the union operator in fuzzy theory by Yager (1980) , overall CAIs fuzzy set can be described as follows:
where p denotes the number of indicators. In this study p is 23. Therefore, the To find out the CAIs for measuring the benefits of investment in rural infrastructure, the λ-cut set approach is adopted. A benchmark value λ should be preset. The indicator x ij shall be considered as a critical assessment indicator, if its degree of membership passes over the preset value λ. The benchmark value λ may impact the numbers of indicators falling into the CAIs set. If λ=0, then all the indicators belong to the CAI set, yet, if λ=1, then there are few indicators or even none in the CAI set.
In this study, λ=0.85, a commonly used threshold in the fuzzy set theory (e.g. Abunawass et al., 1998; Uysal and Yarman-Vural, 2003) , is adopted as the criterion to select CAIs from Table 5 
Discussions and Results
Implications of the CAIs
Following the procedures in Figure 4 , eight CAIs were selected as shown below, which are ranked by the degree of membership in descending order: (X 23 ) is ranked as the most important indicator. As the distribution of rural infrastructure is sparse and the benefited people is limited with its low efficiency (Zhou and Kuang, 2007) , Capacity to provide associated facilities is essential for measuring the benefit of investment in rural infrastructure. Other critical indicators in the social benefit group include Employment status (X 21 ), Safety benefit (X 25 ), Living standard and quality (X 22 ).
There are also 4 CAIs in the environmental benefit group. The indicator Air pollution index (X 31 ) is ranked the most important. Air pollution has become a big problem due to inadequate infrastructure and technology (Swanson et al., 2001) , and therefore it has aroused increasing concern in China. Other critical indicators in the environmental benefit group include Surface water pollution degree (X 32 ), Water and soil loss impact (X 35 ) and Solid waste pollution degree (X 33 ). In China, environmental impact assessment (EIA) on infrastructure projects has been enforced by government since 2003. In line with this, the Law of the People's Republic of China on Appraising of Environment Impacts has been implemented since then. As a result, within this context, it is important to consider the environmental benefits when making decision on rural infrastructure investment.
It is worthwhile to note that economic benefit group has been filtered out altogether in the selected CAIs. The reason is that the direct financial income is little or even null for rural infrastructure investment in China (Meng and Xu, 2008) . The investment does not aim to make profit, but rather pursuing general public's interest in China (Canning, 1998; Li, 2003) . The main investors in rural infrastructure in China are rural collective organizations and local people, whose investment is the form of labor or allotment. These were not calculated on monetary basis. Both the investor and owner do not expect financial return. This is similar to those infrastructure projects sponsored by the World Bank or Asia Development Bank, where the sponsors usually only require the principal to be returned. As a result, it is not surprise to notice that no financial benefit indicators are included in the CAI set.
The above discussion demonstrates that the CAIs selected should be given more attention when considering the benefits of investment in rural infrastructure under the specific circumstance of China. The selected CAIs can help local government to make better decision when investing in rural infrastructure in China. Also, it is valuable reference for engaging similar studies in other countries.
Implications to Research Methodology
The traditional analysis of questionnaire survey is often challenged owing to its small sample size. A major contribution of this paper is the innovative application of Monte Carlo Simulation (MCS) to solve the problem. The large number of simulations can generate more data and lead to convergence, which simulates the situation where more surveys are conducted. However, MCS is not a panacea to alleviate the problem of small sample size in questionnaire survey studies. Garbage in, garbage out. In order to achieve a good simulation result, the initial survey data must obey the overall distribution. That is to say, we must conduct a robust questionnaire survey, where the survey results are random enough with sufficient samples to reflect the overall distribution. Otherwise, the distribution could not represent the real situation when surveying samples are increased, and hence MCS is not applicable.
Furthermore, an experiment should be designed to validate the effectiveness of the innovative application of MCS. First a questionnaire survey with a limited sample for example 500 is conducted, and MCS is run to get the data and perform preset analysis.
Second, the same survey with larger samples such as 1000 is conducted, and preset analysis is conducted directly without MCS. At last, the effectiveness can be analyzed by comparing the results in the two conditions.
The traditional way to select critical indicators using a cut-off value overlooks the fuzziness in experts' opinions. In this paper, Fuzzy Set theory is utilized to reflect the fuzzy nature in questionnaire survey. It utilizes membership probability to identify the critical indicators. It thus can avoid the weakness of the traditional cut-off value method, since membership probability implies distribution of experts' views. The combination use of MCS and Fuzzy Set theory can help improve the adequacy of selecting CAIs, which is a good reference for others in a similar task.
Conclusions
Rural infrastructure projects play a major role in rural development and living activities in rural areas. The benefits of investment in rural infrastructure should be properly assessed. Due to lack of effective assessment indicators available in practice, the benefits usually are not assessed effectively. This paper introduces a set of critical assessment indicators (CAIs) for measuring the benefits of investment in rural infrastructure. The eight CAIs can help decision-makers to identify an optimal solution amongst alternative options for the sustainable development of infrastructure projects in rural areas of China. .067
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